W23t W22
2023 4 1A

A ® A

Science Technology and Industry

V2 Vol. 23, No. 22

Nov., 2023

EMREFIRERGREWERITR
i S0 B T s R
KOA&, FEU, FRR, AAR, EE

. PEAHFEHH L AAHBEELH, HE T FK 8340005 2. RHAHE T AF¥ HERWHEFIE, R 610059

BE RSB ALHRESI L X L FRBEBERBE TG E A AZ L, FAABEA R F AL, 5 TR E
MM ERGAAZR  EAETEEL, AR RET —HAFEINLGIXELERI RO LIBREFIRE
oM kAR, A, BT HAALMHANEB(SOM#EFEELS L, AREFFIRELARIEG IS K
s KB AR A AAD 2 W 3% (CNND A= 46 2R AP 2 W 3% (RNND 3t 47 30 08 A8 o 47, 3 Tl 13 2] 69 3 8 A0 o A7 2 R i A 3]
A B FRANZ A% (GAN) B AT L F R RBHERGRBEESIRE . ELERTHIMLERRER., AX
#HAFEIT SOM+CNN/RNN+GAN #g B Aok B E RS G REF IR EAAST AT E R E R R, @3 AR
KR T A RS Rl AT 6 E R R L E R kA e T HE AR S Bl A A BT S R T AR,
KEER I EAHPAT AR F T ;GAN; RHI T M 5 A 45 E TR

HhESES TELY MERRE A

NXEHS:1671—1807(2023)22—0262—06

MR AH 2B 7 2% © 28 ik Ml R R AN A 2
T AR RO 2 ARk R IR B 2 ) SRk
S G 1) 475 4 = KA b ) RS s R A AR S 8 B 5
B bR AR 1% b BT R S, SR AT T2 e iR
bR G A TR S At V2 T A 7 3 R FH B 5 A A e
Z 0 A R ST H bR b o A % L iR O AR
FEFN 5T H AR I AS S — — % W0, I L0 7 b 7= A
4 b BT A A2 BN SRy R 2R e DA T LA AR 5 A 32 00
P, PRI B 22 Rl B2 2 2] Bk 02 5 A R T 42 i
R AH A3 T 48 A AT SR L B R TR R A S BB 1 M
FEAR ST T i A0 SE AR 5T 1 LA 5 O

Marroquin " RGN T A B 41 20w it
[} 2% Kl (self-organizing map, SOM) #f 17 i B 4 35
bR A A3 BT 9 5 R R TR . SOM iR 1Y
RIRE 7 P I AT LA v A K e S A A A Al o
TV 1A T W B U Y TR 2 Ml R A A AT B TR0
FERBE 2 R JETR , Tl g fe 4 i — & ok
b F T aE N TR R O L R TS RO

W75 H H9:2023-08-04
HEMB:FPE &wEHRE X %R (2019D-07),

7 (1 3t FR AR A A TR AEARE BRI 6 ot 7R JE kL 8
7 15 18] & AL (support vector machines, SVM) i F
EZ O h . FRPE YRR T — A TR R
He % Xt BT B 4% (semi-supervised generative adver-
sarial network, SGAN) (1) > Wi B i 75 #H 70 B 7 ¥
FF A W %t B M 4% (generative adversarial net-
works, GAN) BT A % b 4 M b 72 %5 40 o 9 B 5
o2 W T 4 R % AT A% R T R AR 4 XTI
P 2 0 VI R 5 80 AT AR AE BRI, B I Rl 2R
BILAs 27 ~J B30 A 44 1 b 52 AH 40 B 19 28038 LA B 0
/U b AR T r A AN B D T R T AR
Thilo 55" A 28 7 A8 ¢ 19 5 8 BLR , Kaur'™ F H
GAN Xif iy 52 B0d R 47 23351 [ i 72 B9 28 2 28 v i A
AT SE R A3 BT o A I TS e X % 0 23 R ) A
e B R [ N A AH W 5T 5 18] B BE 5T R
Rl 58 1 — 21 44 ey b 5 AH 23 B 45 2R 09 K BB AT &E
G [) 0, A SCHR Y R 5E 1 — DA 25 U1 5 31 B30
PR U8 A3 25 2R 00 A0 19 4 o B TR 2 ) M 52 AR 43 B

EERNRAE(I2—), B, FREEDRA, PRGN B HA N HEFLE AR, G IRTF AT OAY
HREREMBERRETR; FEL963 ), B . WNMEA, PEHEHNBEESLA] . BRI RAR TR . ABEAZTALIAE

LM BT R T ) A M R M R 4 A R Bk A AR s B R R (1965

Yy B H R ZMAL P E Gk H 52w N 8] BhIE A A

R GBI EF RS AADEAERREZ , BER 960 ), B, LA BAAHELIRFHRMNE IR, &%, 51,
RGO AREIEFT ERARAR AR ;FEEAII7) L AR MEA, RN E LR FRRY R IR, MR L FL

Jr v Ayl A M IR A B AR,
262



WK B SRR ] BRI A R v A 0 T Bk A = T R

3l T S = B o o o i = D S IR RS
SOM HEATHIE 43 26 o i M b 28 B < S8 )5 A1 46 R
M2 M 2% (convolutional neural network, CNN) F1
G ¥ 22 W 2% (recurrent neural network, RNN) 4%
AU B TR B 2= ) S AT MR A o A IR R A S
GAN X Ht 9 JERE S5 30 4% b B30 1 i A0 Ak e 25 SR i A8
W 1 o3 BT JF 25 6 55 B B ORE 43 BT 45 1 B A0 4
3B oL R i AR AT A R S A 2 T A S B R A
B 7 A7 6 SE PR 30 1 BAT 3808 S 5T X R i 2
LAt T 3

ASCHE Y SOMACNN/RNN+GAN 8 F1E:
B RS TR B2 27 2] MO SR AR 3 A 7 i A A S B T
AR 2 U 25 30 B89 42 4 5 210 45 SO0 Ak A9 4 0o 8 R
2 ) BN B T MR A A BT B R AR
1 7FERE

TRBE 27 > S0 AT DIRESE o W 5 4k B i b
BERAY T 1 D) 32 B IAE VI GR I 2 A5 5 2y
AR B . A B IR Ak E RN R
58 K ) B 47 98 BlURR R B R ) 5 T M B IR B A ) B
2 FEA R TR i A 3 TR B
PN R 8 OB 208 . — By &, MU= AH o
B 2R S — b5 =R ) iy S ARL DT ot A A R TR
2 3] B TR B2 1 M FRAH AR AR A 10 (H AR
25 R N0 48 1 7= 28 O s R TR BT o AR, B
Wil A W R A S R W RICR . TE B 2 ) RN
SR I BR A K R ] SRR i SRR K B A B AR
I INREE . R A B AT B B B 1 O v L e
TNBRZE IR L B 47 48 BRI 52 B 1 20 5 2 1k
RS R B 4 FERY VR BE 2 ) . ik SE U X L 43
BT, S 3 T AR b R8I R IE S 80 A7 P
I3 0 R AH A3 AT T

1 SOM,CNN,RNN ) — i I 45 25 ¥ &
AT $22 7 SR 0 A0 21 55 1 1) o 3R 8 R X
SRR TE MR AR 3 B b 1 SE BT
1.1 SOM FiE[RE

SOM M 2 —Fft R F 48 )12 11 TG Wi B AU TR B 2% )
B R ey ELASC ek i A2 A R Z AL SOM I 2
TS ARAN[R] T — e 28 I % 55 T4 % pR B Y S 1) 15 34
‘Bz TE 4 S e ARFER 2 e Z A B S 4 Ok
PEHURARTCEC A2 0 G DB AL X 4% 5 HL 32 BRI
G FR PR D EFrm A 25 R AR FNES 1

y; = argmindiff(x,w;) @)

b R A K 5 <o, AU FRBC R ARy Bl
PRG35 517

dist(d) = (1‘*%;>exp(‘*§§g> 2)

K, 0 HREHF  d IAE w 5 AJE P & x
ESEZTERN R

SOM J5 ¥ JU B K AR B T8 732 1 3 52 A0 43 #r vh
A4 o IR, Chopra Fll Marfurt® i 38 R4 U 44
ASCHIH SOM J7 ik B, — 7 Thi kA7 b R AH 1) I W
X)o7 Pt —Fh = A o A 4 RAE N 2755 0 —Jr i,
PEIZ T2 AR 53 BT 45 SR s 2 A 85080 4 1 e 9 2
it DNIMTAT LAAS 31— AP 8 2 bR 28 4R 05 vk .
T2 B W TR A S R R A
1.2 CNN xR

CNN &tz W 4 it 2 2 6 R N5 Rz
AL 4 B bR % B X B % B R R AR Y Al Y R AR
GRIBENEAR LML G PR, BRMSE
W 2 d B L 1 JLAS W28 2 il O 4 BRUZ BT
WA B

a= (D k) (3)
AL B )Z R R A TR 0 Sl R AE B
AU B s f IOE PR 2 o LR B R E s 2
& AL .

A SO B M R AR B Ay e 2R A 5 X
5X AW /N = A BRI AR T O — 28, B & i A BRI
H N A 5X5Xd /N = 4E B R . N R/ = 4
B AR BB d 7E X LSRR Y 3k B B 2 A B
1.3 RNN FiEEE

IR MR A5 5 R T — R et |y S E S,
RNN 7 24 i 28 ) 4 355 F T B[] 1 9045 5 169 40 A B
ST T RNN (09452 A0 43 B 3k FH PR ) R, R It
&4 RNN it it (1) K 2 B e 42 M 2% (long short-term
memory , LSTM) 52 B IE 4325 1) Hb 78 AH 737

LSTM 5| A Tt BT T ANEAZ T T &, nl DAAR
P T — B ZI 1242 2o RS TS A o, P8 18 el
A BN ZS Wt 2 e st i s ic g . i1z TR 4
x BIEAC Y HT A o, o D8 B MR LL Py 25
1.4 GAN FifRE

HE SR M 25 GAN SR FH —Fh Xt g7 1 AR iF
Trblds 2% > . BOARICA bR 28 B0a (B 58 i % I 2k
B GAN 22 2] B LS8R AR IE . GAN F 2
A AR B A AR e 2 B CIRT 1) A AR e SO £
A A (generator, G) , B BT AR 3 Fi A 1) 22 7 A5 40 3]
NZE . F IR e Sy 4R ) 51| #8 (discriminator, D) ,
FE RS P A RS B J I B L ik 2 A
BOAE B A JE EC E A s — R IR
S LSRR

263



B

23k o2l

B 1 GAN M%K%
GAN B RB AN
GAN(G,D) = E, ,[InD(x,y)] +
E,.[In{1—D[x,G(x,2)]}] 4
K E R WAy WESLEARN 212 R
Az U B A2 ORI 1 43 A s D (e s ) O 55 031 4% B 0B
G(x,2) WA a8
1.5 ETF GANNEMEZFRURAHBEES
FIH GAN B ST —Fh — 4k R ] 14 XF
P4 T CNN ORI RNN b 5% A1 43 B 285 5 14 %F
HLLA K CNN K [A) 45 2 T 04 b 7% A8 23 B 285 3 09 X5
P AT T AN E R 43 AT, 52 B0 T 4 b M AR AR 3 BT
TR R ORAL B8 TE TR BE 2% ) B33 A b 7R A 43 BT AR
RAATEENE, T GAN W% 170 B %L AR
B T3 BT, R AT DU = AR,
D[R — Bk 45 R 0 B B X B 4% CNN 5yl
SRoE W17, FHAH R CNN I 25 1 45 3 = “ X417
2) ARV B Z E X Bt Ak T CNN R Il 2R 45
FRE” RNN BN ZR45 5 2% 50 f A RNN
GRoE R H” ,CNN By grah L Xt
3) [ —Fofr B30 3 A [) 2 B30 P 45 45 AL =2 [a] 1) % 4t
Pedl - 1l CNN AN [RIBRZE T fr g 45 5 0y X et
S B g R H R T SOM A+ CNN/RNN
GAN By W 5 HF B A /Y M2 A5 0 A ik,
R 2 iR,
2 MAMR
DL i B AR R = 4 T IX A T G R i 2 T
S5, U B BT B i A I AR .
2.1 HERERHTR
B R 5 H XA 1 7 B i o R L R
SOMFIF RAE CNN GAN AWtk

WRES, | P HIREE A
o | LGRS | e || R

R ape=ivd
A
[ )
7] —Fh L CNN CNNAF
GERIIXHL | | SRNNSTH FREXTHL

2 BESENEMEBRSNATERE
264

TR Y B R A XL R AR L = A il L db B A Kl
R T R R R A L T IX AR LAY R E L R
PAAR B 32, T X i 3 A o 30, b s A1k

W TIX N EZR 5 =48 TIX i —#B4r (K 3).
P 3 Y 0 HER 4 S B 95 19 T IX Y L, B R i 4
XIUR R T E R . PR X FEH)Z
MR F Sk i 4] BRI A A2 . B 3 R
TR B AR AT AT A B IO GE & R . HL 4 T
B RUIR AL, & ke 2 2 B, T3 2 U0 e K
T[3E 25 ] R AL A AT 48 5 T R R DR B
L5 R AN [ T S8 RS A E A 23 T A 4 45 O TR 43 3R
PR 25 5 A A R A T 0 A A

-39 i/ m
6 000

4000
2 000
0

-2 000

-4 000

B3 HIRXENERTHIREREGE

2.2 SOM EF S LHERE

POy R, 5 e A SOM #4700 B 43 2K,
FE XA 43 2 45 AR Ry s 2 i A R0 I 25 B 40 4R 3
BWME%, BARGEIHEMIT R AT 76,1
R F N N AT REZ 1Y /3 2 h e B B AR 7
KEHE 1R SOM™ KRB 7028, #8471 21 2§
A E 21 bR A B LI 4 Cad ] B R Rz (9 I 25
B . MR O A BRIk 7 Fh B A AR A AR
M B L& 4 (b) IR A B I 1 b 28 25040

WEEN BB WG EE, RAHRELT 74
(5X5X H 2B ) K /NEY 3 2 Hh 752 b 28 B8l 14
K52 %5 B 7 A U ZRBOHE 1
2.3 CNN #1 RNN i 4B 547

FATRE PRI 7 Fp A ICRPE BB AE A i
B2 BARZE KO R CNN R RNN W) 45 25 kit 17
AR AT AR B MR AR S T 45 SR R 5 FIEL 6,

i 5 FE 6 XTI 3 AT AT, CNN fil RNN
) ML 7 R 25 SR T e 221 B Y DX A TR TE 43 A, EL R R
5 ¥ o 200 ) IR R R A A TR AR S A — b
AR 53 At 5 AT TE AT E M
2.4 GANEZERURAHEMESN

BT SE bR ™ b BT 55 1R 00 5 ok 278 MR AH A



K FEAE . SRR A S BRI B e R A 20 BT S R R T RCR

M 5 5 B bR AS & ——%F 0 s B Bk
T 28 AR 4 AN [] A, 7 >Fe [] — b B8 1 AN [m] A 35 5, D
AHHENE . B RS 2 P E T GAN CAE X Ht )
260 R X B i SRR R S A (R B3k 22 ) AN T
G5 5L 22 8] 0 X BT A R AN B 5 1 43 BT
SRR P % CNIN A &5 S AR Sl %5 0 1
SE [ EE - RNN I 45 A1 R R R 2 9 5080 . S A
) GAN W 2% s A X pi, 25 S 7 on. HE T
AT A T GAN DR AL AT A RNN Hb 52 A5 25 51
(E 6) , LAk 5 1 Hb 7 AH 43 A7 45 SR CIRL 7) XT38 1) e
BT Ay 3 BT 5 X B CNINC 2551 (81 5) , Ak )5 19 L =8
FHA AT 45 AR WETE A e A ek . BT GAN
A 285 11 i 72 AF 4 T 5 SR 78 Tl 3 JR AR T A R0 I

(a) H )2 B EHEE SOM 2143 K I BAR 3 76

(b) RATARIRME ()7 M 5 T

B4 BIKE

= -vo-‘;?‘

. ﬂ,q_.ﬂ A
e D_10 i
o g T
Ry wend: o o .,’:‘“

~
(=3
(=}

f=a)
(=3
(=]

L IR v, ¢
B "5 N X - LS
g2
3 N AR
- -‘

P p5 3 B /m
g

800 1000 1200
P ME/m

5 HREXEBMER CNN KEMERSNER

-
=
S

B pE B /m
g g

400 600 800 1000 1200
P E/m

6 MEXEMEER RNN ERHMERESTER

o5 Hh TR S TR A A K BEATIE A3 A (L 7 i
0 pE 2R AE H X0 5T X P B A 9T T R A
o SRR AE 3 B 485 R AR 6 N (R 1D < TE b A YT
FRAE 550 T - B 2 B a3 B AR G B b 5
IR PRE R T RLR GE X 26 53 R S5 R TR R 7]
T, i A T T D) e o T A A R . 2E Ly
B GAN JE L “ X507 FE Ak T RNN 45 5L 1 [A] i
WHF T CNN 25 5 i Ao o 1 L il 5 5 15 3 1
8B e SRS SR T G
FERfE T WFSE X H 2 138 A6 05 45 G F 9T
XA B A A 2, iE— 25 3 A AN (] T 3 R A 1
Ytk oy A R A Mg L. B 8 it FD_05 1 FD_
051 JI Ay b 5 ) e L, v 1 2 A T Y il <N
B, & 7 7T, FD_05 HE A FD_051 2 i) 4 55 —
SR TE 4> H (B 7 v R XD L 855 /8 TN,
AR T 5 — 8 1 & B i R AR A T A —
ZMIE Y FD_05 FHH1 FD_051 4k iy wb ik H ik &
900 4

800 18

B A8 B /m
2 2 32
(=) (=] (=)

&
(=3
(=}

300

1200

1 000

800
PR ME/m
7 HEXENEET GANMABIAWMBEEIHER

200 400 600

R 1 S HME T B i R ith B HHE

T TV TR
T A FERE LT
e
Gk B s BRI
GR RT GR RT
: ) 2990
WRIHFE || 54000
(GR N HK
s/ APT; £ 050 000
RT Jy it il ° —
F/(Qem)
3 060!
LR FL75 052 B 5
T T N SRR R o (L0
HOTE R A5 AE
RS FE 2 5 LA
FD 5
I35 o 72 38




Bh A7 ol

23 E 22

AT AR AR, MO E DA fif 2 B B Tl A PE S A TR
FD_05 14k 2k & i A M4, FD_051 JH#0 R &
AR, S5GHFFEIX P B A2 s 2
SE 8T A AT D R G 20 AR T, T T 1~1V 2R
g2 (B 9, FD_05 F fir 76 1] 18 S~ — 245 ] 3] 18
WA s FD_052 FH: JIr £ 17 38 0 1 Sy — 24 RN 38 A0 1
FD_10 F-AbH A4 07 38 o = 28 W38 /0 {4 ; FD_051 F 119
T[T R DU ST TE BD A AR YRAE ST b BT A A 1 A AT
TE R A () TN 245 5 L Ay 04 H 7 5 B AR TR

3 i
FIFIC W SOM J7 i, 43— F b =22 A1 4 A
978 996  FD_05
3000+
g
=4

] e Ul <
\ WA\ 21 LT RN T O R IRON ok 3
LTS L Ty Q\‘“‘v N N
\ AR LR \1 \ 1 LA anu T RN e
R LV NABLLEL B AT \\'% COOL: o R 3T
.

QNN BARES Ny
\ \\\ 3 W\ S AN ‘\\.\\‘. "W\ 052
N @ ! \ \ o
NS y QN \\\\\\‘ 3 N & N S
B & 8 AL WA N \ S o

MR
DR - 2
N\ \ A

:2/;" /.

SWAN G .-n--uum:' O
AR ) SENNE
\\ .\_\\:\\\‘ \\\\ w"’ N W‘\\ }ﬁ
RN L% A \ RN,

o S

B S a5 0 F N W 2] Bk IR A B bR &
B DT 4 T A SR 7 Bk 1 B e, mT DL AR
1) 5FORS B ) M R AR o BT 45

T GAN M2 “ X g7 A, 3 — 22 T
ARV MR A BT ISR, 7 — R e T
AT 5 A 0],

ARSI A SOM+CNN/RNN+GAN # Hi 5%
AN AT 7 1 B O 2 48 5 T b R A 40 M B4 ORG EE RN T
SERE. SCBRFORLN FH R B, 25 R Re AR 2 O AF &
L G B B0 A 300 25 5, S 0T 5 XA 5 3k A< R
RN 0 25 A W oE S 44E T S 4%

1074 1094 1122 FD_051117711891208 1235 E,

.

i
i

"if;fl/,j;/;@/ 7
oL
: [e] [*]

TALARGI A= I SORR I T

.

S WE KK RS

— ] R

—_— %

266

B9 #IRXAWAA_REINAEMEESHN



F5

« S5 IR L 2 > BRI 4 e R N 0 A B i A= B R

(1]

[2]

[3]

[4]

(5]

(6]

[7]

[8]

L9l

[10]

[11]

[12]

[13]

2% Uk

SAFFAF M M, NAFI TOKSOZ M, MARHOON M 1. Seis-
mic facies classification and identification by comprtitive neual
networks[ J]. Geophysics,2003,68(6) ;:1984-1999.
TOLSTAYA E,EGOROV A. Deep learning for automa-
ted seismic facies classification[ J]. Interpretation,2022,10
(2):SC31-SC35.
LIU M, JERVIS M, LI W, et al. Seismic facies classifica-
tion using supervised convolutional neural networks and
semi-supervised generative adversarial network[]]. Geo-
physics,2020,85(4) ;47-58.
WANG Y,WANG L,LI K,et al. Unsupervised seismic fa-
cies analysis using spare representation spectral clustering
[J]. Applied Geophysics,2020,17(4) :533-543.
T %, 1 DU B AT A5 BT IR A T A M Ay R
LRI, BHERAR 5 TR, 2022,22(7) :2609-2617.
WK R AR, A T P8, AR B T VR B ARG I 1 il O
BT B ROR 5 TR, 2022,22(11) . 4327-4334.
HAMPSON D, TODOROV T, RUSSELL B, et al. Using
multi-attribute transforms to predict log properties from seis-
mic datal J]. Exploration Geophysics,2000,31:481-487.
EBN X 4 L BRAR . ENE IR 4 AR B A e AR B KL
fitt R AR B o A B LT . BHR R 5 TR 2023, 23(22) ¢
9388-9403.
XU, ST R MHL X &R F SRR
JURRBIOAR BA R Z BUM LT ], BR 2 H0R 5 L, 2023, 23
(18):7650-7660.
LI K,LIU Z,SHE B,et all. Prestack seismic facies analy-
sis via waveform sparse representations[ J ]. Geophysics,
2021,86(1) :IM35-IM50.
MARROQUIN I D, BRAULT J, HART B S. A visual
data-mining methodology for seismic facies analysis[ J].
Geophysics,2009,74(1) :1-11.
Tl MG A TRl 8 I 4% R0 Ml R AH Oy i F s (DL db et
Hh R A R, 2016,
TR AR MR RS GE. BT A R AE SVM fif )2 T

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Ty mt g B LT BHE AR 5 TR, 2020, 20 (13)
5052-5057.

T, T 1) LR AR Y 500 1) 2 B Xt e 9 4 % L g
(D] dbat. drE Ak, 2021,

BABAKHIN Y, SANAKOYEU A, KITAMURA H.

S

Semi-supervised segmentation of salt bodies in seismic
images using an ensemble of convolutional neural net-
works[ C]//The 41th German Conference on Pattern
Recognition. Dortmund Germany: Pattern Recognition,
2019:218-231.

THILO W,INDRANIL P,ROBERT L,et al. Seismic fa-
cies analysis using machine leraning[]]. Geophysics,
2018,83(5) :83-95.

KAUR H,PHAM N, SERGEY F. Seismic data interpo-
lation using CycleGAN [ C]//SEG Technical Program
Expanded Abstracts 2019 Society of Exploration Geo-
physicists. Texas:San Antonio,2019:2202-2206.

HE K,ZHANG X,REN S,et al. Deep residual learning
for image recognition[ C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las
Vegas,NV, USA: Institute of Electrical and Electronics
Engineers,2016.:770-778.

YU S W,MA J W. Deep learning for geophysics: current
and future trends[]J]. Reviews of Geophysics, 2021, 59
(3):1-36.

L. WL A 20 Bl 9K 3y S BIL B A R 4 R T i e
AT, A 2022,61(2) :205-212.

KOHONEN T,SCHROEDER M R,HUANG T S. Self-
organizing maps [ M ]. London: Springer Berlin Heidel-
berg,2001.

CHOPRA S, MARFURT K J. Unsupervised machine
learning applications for seismic facies classification
[C]//Proceedings of the 7th Unconventional Resources
Technology Conference. Denver,Colorado: Computer Sci-
ence,2019:3135-3142.

AR 0. B e 5 = 2 R VT A it U2 T vk
FE5 RHLD]. S < MRS Tk 2, 2019,

A Joint Various Deep Learning Methods to Improve the Reliability of Seismic Facies

Analysis and Reservoir Characterization Results

ZHANG Xin', LEI Dewen', LI Xianmin', YAN Jianguo’, HUANG Wenlu’

(1. Exploration Division of PetroChina Xinjiang Oilfield Branch,Karamay 834000, Xinjiang,Chinaj;
2. Chengdu University of Technology,Chengdu 610059, China)

Abstract: It is of great significance to reduce the uncertainty of seismic phase analysis results by combining multiple deep learning algorithms to

mine hidden and useful information in seismic data, and to achieve mutual complementarity and optimization. Therefore, a method and process

of deep learning seismic phase analysis from label training to data mining to optimization were proposed. Firstly, waveform classification is per-

formed by the SOM of the self-organizing mapping network diagram, which provides representative training data for supervised learning. Then,

the convolutional neural network CNN and the circulating neural network RNN are used for seismic phase analysis, and the predicted seismic

phase analysis results are input to the generative adversarial neural network GAN for optimization between algorithms and uncertainty analysis

of operation results, and finally the optimal results are given based on actual data analysis. The method and practical process of SOM-+CNN/

RNN-+GAN combined supervised and unsupervised deep learning seismic facies analysis are proposed and realized, and it is proved that the

method improves the reliability and effect of seismic facies analysis and oil and gas reservoir prediction results through the practical application

of oil and gas prediction in river channel sand reservoir reservoirs in the study area.

Keywords: seismic facies analysis;machine learning; GAN;uncertainty analysis; hydrocarbon reservoir characterization
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